Many literatures have shown the importance of emotion in learning because of their effect on learner"s performances thereby giving reasons why learners" affective states are crucial to learning. In this light, this research work aims to identify affect-adaptive activities that would improve learning in a personalised ubiquitous learning system by detecting learning style and affective states through some patterns of behaviours. In the study, learners" preference are determined, learners affective states such as confidence, effort, independence and confusion are investigated. The ant colony clustering algorithm is used to determine learners" activities. The four affective states are determined from the learners" forum threads, content activities, assessment, timing, and discussion through learners" engagement. The result of this research on two separate courses, Course A (Affect) and Course B (Non-Affect) shows that the four affective states influence learning. The average mean and standard deviation (SD) value for Course A (Mean=276.23, SD=272.27) over Course B (Mean=200.58, SD=210.51) showed an improvement in learning performance and the t-Test carried out between the courses suggested that students" performance is dependent on their affective states.
Introduction
The numerous developmental phases of information technology have transformed education system in recent years. This development gave access to global communications and resources available to today's students at all levels of schooling (Yaun et al., 2013; Jones & Jo, 2004 ).
Learning styles make it possible to assign the preferred ways of learning. Whenever a learner with a unique learning style is not supported by any teaching environment, it makes learning difficult for such a learner (Kirschner et al., 2006; Felder & Silverman, 1988) . For instance, learner learns more when the instruction presented correspond to their learning style (Entwistle & Ramsden, 2015) . The best method for getting learning style which is based on instructional material in large classes is through adaptive e-learning environment as this does not have the common limitations face to face scenario has which focus on individual students due to the lack of required resources and time (Wanner & Palmer, 2015) .
The application of ubiquitous computing in education known as ubiquitous learning (u-learning) marks a great step forward in the delivery of education instruction materials. The u-learning has revolutionized education and overcome some of the constraints of traditional learning. However, learning using the same learning content will lead to a cognitive mismatch. The integration of adaptive learning and ubiquitous computing may offer great innovation in the delivery of learning, granting access to personalization and customization to student needs (Sung et al., 2016; Kim, 2006) . Furthermore, in a traditional learning environment, a teacher finds it difficult to teach all learners" individually due to a large number of the learners. However, the teacher can monitor and draw conclusions from students" learning behaviour which can be referred to as learners" affective states. A learning system that considers learner"s affective state will improve and therefore enhances a learner"s learning experience .
Several parameters such as anger, fear, joy, surprise, disgust, motivation, interest, proclivity, confidence, confusion, and effort have been used to describe learners" affective states (Khan et al., 2010; Qu et al., 2005; Lopatovska & Arapakis, 2011) . Affect has been shown to influence the learning process (Kort et al. 2001; D"Mello et al. 2014; Baker et al. 2010) . Affective states can be classified into two, the positive affective states and the negative affective states. The positive affective states such as confidence, satisfaction and so on contribute towards learnings while the negative affective states inhibit learning. Therefore, the paper investigates the effect of adaptivity, personalisation, ubiquity and affective states on students" learning.
Literature Review
With the emergence of ubiquitous learning (u-learning), access to education by students have become flexible, and seamless. The definition of u-learning can be broadly classified into three categories: the adopted technologies, the education objects and the learning process (Peña-Ayala & Cárdenas, 2016) . In a definition influenced by the classification of learning environments, ulearning was described as a combination of the e-learning and m-learning paradigms (Behera, 2013) .
Learning Styles
A learner whose learning style is not supported by a particular learning environment is bound to face difficulties during learning (Entwistle & Ramsden, 2015; Felder and Silverman, 1988) . Felder and Silverman Learning Style Model (FSLSM) is one of the learning style models used in learning style related research for information technology-based learning systems. The FSLSM has been demonstrated to be most appropriate for hypermedia courseware (Tortorella & Graf, 2017; Liyanage et al., 2016; Fasihuddin et al., 2017) . FSLSM distinguishes among four different dimensions. These dimensions are active, reflective, sensing, intuitive, visual, verbal, sequential and global dimension. A combination of these dimensions makes up the learners" individuals learning preferences.
Advances in information technology have transformed greatly the practice of learning in recent years. However, learning platforms such as Moodle, Blackboard among others do not support a full-fledged adaptivity that is based on learning styles and affective states (Jones & Jo, 2004) .
Adaptive Learning
Adaptive learning can be referred to a concept that learning methodologies to learners' individuals learning styles. Some of the elements of adaptive learning has been demonstrated to include: monitoring activity, interpreting the results, understanding requirements and preferences, and facilitated learning process with gained information (Zimmerman, 2013; Paramythis & Loidl-Reisinger, 2004 ).
This type of learning system offers a great advantage in providing learners with specific and personalised knowledge during learning. The use of adaptive strategies can be dated back as early as the start of the twentieth century as educators began to look for other means to improve the learning outcomes of student understanding and learning (Moore & Kearsley, 2011; Zimmerman, 2013) . The development of such systems will definitely provide or support effective learning experiences for a different type of learners across a broader view of knowledge domains. Therefore, adaptive learning systems are to feature learner preferences, interests, learning contents, and browsing behaviours to provide adaptive and personalised learning services (Premlatha, 2016; Wang et al., 2017; Beldagli & Adiguzel, 2010) .
Personalised Learning
Personalised learning allows learners" specific requirements to be identified and addressed during a learning process. Advances in information technology enable teachers to develop rapidly personalised learning instruction materials and utilise real-time data for a feedback mechanism. This learning paradigm promotes learner"s choice in his education. It closes the gaps in the individual learner, learning styles and provides the needed support to succeed in his/her education. In this paradigm, teachers become mentors or facilitators while learners have controls over what, how and where they learn.
Ubiquitous Learning
With the emergence of ubiquitous learning (u-learning), access to education by students have become flexible, and seamless. U-learning has been described as a hybridisation of the best features of e-learning and m-learning paradigms (Wong et al., 2015; Casey, 2005) . Therefore, u-learning is a learning paradigm that enables learning what is necessary at the right place and time in the right way (Yahya et al., 2010) . This learning paradigm was made possible due to the availability of mobile, wireless communication and sensing technologies (Hsu et al., 2016) which can support real-world contexts learning (Yin et al., 2016) . This learning paradigm has been described as the context-aware ubiquitous learning or contextual mobile learning (Brown & Mbati, 2015; Chen & Huang, 2012; Hwang et al., 2008) .
Affective Computing
Affective computing can be referred to systems and device study and development that can simulate, recognise, interpret, and process human affects (Becker-Asano & Wachsmuth, 2010; Picard, 1997) . Haijan et al. (2017) proposes a study based on learner"s interest and emotion recognition to effectively construct affective education to optimise and enhance the teaching effectiveness. Learner"s voice, text and behaviour extraction was carried out using Semantic Orientation-Pointwise Mutual information. Research on recognising emotion has made great progress since affective computing was proposed by Professor Picard in 1997 (Picard, 1997).
According to Kalyuga (2011) , affective computing has been a fundamental element in designing and developing adaptive learning systems. This is due to the fact that learning process is complex (Bennet & Bennet, 2008) and involves students" cognitive activities and emotions. Therefore, many researchers suggested that effective and meaningful learning can be achieved when students have positive cognitive as well as emotional states during learning. From eLearning perspective, students" emotions will ensure the effectiveness of a learning process (López-Pérez et al., 2011; Khan, Weippl, & Tjoa, 2009 ).
Different methods for detection of emotion are the use of biophysical signals, speech signals, facial expressions, machine learning techniques applied on learners" preferences and behaviours in the systems, different text-based method and virtual reality (Callaghan et al., 2009 ). The former methods though give better accuracy, are quite expensive and cumbersome and are less practical to implement in a large-scale e-learning environment, whereas, the methods like machine learning, text-based methods and virtual reality are less cumbersome and are more suitable in such scenario (Marczak et al., 2016) .
However, confidence , effort (Zimmerman, 2013) , independence (Baker, 2010) and confusion have been used to identify the pattern of behaviour of the learners" affective states. These four affective states will be used in this paper to identify the pattern of behaviour of the learners" affective states.
Methodology
This section discusses the system architecture and models used. A. System Architecture Figure 1 consists of the key components of the system architecture. These include Learners location detection, learner interface, learners profile, adaptive learning system, learning resources, learning activities, affect recognition module, web server and evaluation module while the access point (AP) wireless signal is used for detecting and calculating learners" location via mobile devices.
Learner interface and learners profiles consist of a registration, login module and other personalised records which helps to extract and store learner"s preferences and also affect features. The adaptive learning system helps to determine the cognitive characteristic, knowledge space and preferences.
The learners use the learner interface to interact with the adaptive system to get learning resources and participate in learning activities such as forum discussion and content outline. The learners" profiles contain the affect states and learning progress of individual learner. The adaptive system also interacts with the learning resources which are stored in a web server based on learner"s profile. Learners" behaviours are captured during the learning procedure. Affect recognition module help detect what the learners" emotions are (Confidence, Effort, Independence and Confusion) which are used to improve the system. 
B. Affect-Adaptive learning models Location
In order to detect learner" location, trilateration algorithm and fingerprinting technique are employed to implement a received signal strength (RSS) based location method (Lin et al., 2014; Setiya and Gaur, 2012) . Their main aim is to estimate and get the learners location by calculating the coordinates through geometry. In the geometry algorithm, at least three of the anchor node and their estimated distance from the node must be known (Ruiz et al., 2013; Doukhnitch et al., 2008) . The coordinates of the three nodes are represented by N 1 , N 2 , and N 3 the distances from these three anchor nodes to node N are d n1 , d n2 , d n3 . The coordinates of node N(x, y) are unknown, then formulae in equation (1) is stated as follows (Sadoun & Al-Bayari, 2007) :
Using Equation (1), the coordinates of node N are calculated. (2) According to equation 2 (Lin et al., 2014) , -Trilateration algorithm is used to calculate the target point -The radius of the three Access Points (Aps) represent the distance between the target and the corresponding APs -Target point is the interception of the APs location.
Determining Learners' Activities
Ant colony clustering algorithm is applied to this research work for determining learners" activities, especially on learning resources. Ant colony clustering algorithm is a clustering algorithm based on ant cleaning behaviour, and the main idea is the process of transporting ants (Hu et al., 2012) . Ants start-off by being placed onto graph nodes. They choose an edge to traverse from the home node depending on the pheromone levels on each edge. Since the edge will not have any pheromone yet, the ant will deposit pheromone equating to its features when leaving a node that matches one or more features. The pheromone deposition depends on the features which are present on the node and also depends on the attractiveness of the features to the ant. Hence, with each ant as an individual leaner, each learner determines the probability of handling an activity according to the similarity between the learning objects and the environment. The similarity between different learning objects in the learning environment can be defined as the arithmetic mean of the probability of each attribute of the object as shown in equation (3):
Where n represents the number of attributes of the learning objects The probability of an ant picking up can be defined as
While the probability of an ant dropping is defined as follows
c is a constant that is used to adjust convergence speed, once the c value is different and the function of convergence speed is different. Table 1 and Table 2 summarise the different patterns of behaviours to recognize affective states and learning styles respectively. The patterns in Table 1 are embedded for an individual dimension of the learning style while the pattern in Table 2 incorporated for each affect-adaptive state to achieve a personalised adaptive learning system. Based on the number of occurrence of each pattern, the learners learning style, and specific affective state are determined which are then used for calculating the affective states and learning style preferences recognised. (2009) proposed an approach for calculating learning style from behavioural pattern through hints calculation. Hints are represented by four values that is 0-3, where 0 denotes weak indication towards the respective learning style used for learning preferences. Learners" behaviour indicates average if the hint value is 2 (two), which means that a specific hit is not provided. Also, the learners" behaviour is said to be in disagreement with its learning style or affective state if the hint value is 1. Hint value 0 indicates zero information on learners" behaviour.
To calculate learning styles and their respective affective states, equation (6) is used This measure is then normalised on a range from 0 to 1 for both learning style and affective state. The value 1 represents a strong positive level and the value 0 represents a strong negative level for the particular learning style and affective state. In case no information is available for all patterns of a learning style dimension or affective state, no conclusion can be drawn.
Results And Discussion
One hundred and twenty-nine (129) learners took part in the online course. The same set of students were enrolled in two different courses lasting for about 5weeks. The two courses are course A (with affect) and course B (non-affect). Data were collected through online self-report including measures of emotional experience while relating with activities and resources online. The obtained data were significant for this study because it contained timestamp interaction activities recorded for each learner during learning. Data recorded such as view discussion, post discussion, resources visit, content visit and outline visit as are part of what made up the application logs. The log has 3552 activities for course A (with affect) and 2481 activities for course B (nonaffect). Table 3 shows the breakdown of behavioural pattern capture in the system log for course A and B were patterns such as examplevisit, forumassignmntvisit and forumconentvisit has the highest percentage records. Course A has a forumcontntpostreply of 308 for two forum post while Course B has 209. Table 3 also shows that learners engaged more in activities when their affective states are considered. Table 4 are discussed as follows: The response timing for course A with respect to Discussion 1 is that 64% of the learners responded on the due date while. 4% responded after the due date while in discussion 2, only 2% responded after the due date. This response suggests an improvement of student understanding. In course B, there was a decrease in the number of learners that submitted their responses by due date with only 32% and 41% for both discussion 1 and discussion 2 respectively. 
Performance in Assessment Task
The Table 6 depicts the outcome of the performance of learners in a Course A and Course B respectively. Grading the cohort of learners in course A compared with performance Cohort of Course B reveals that for course A about 8% scored below average while 70% performed above average for Discussion 1 while about 64% performed above average for Discussion 2. In Course B, 29% and 20% of the learners scored above average in discussion 1 and 2 respectively. In order to determine whether the learners" affect-adaptive states would affect learning performance or not, the analysis was done using statistical tool and presented in Table 8 
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Conclusion
This research work was conducted to identify learners" affect-adaptive states and see how learning performances can be improved using these states in a personalised ubiquitous learning system. The use of ubiquitous technology makes accessibility to education resources available at anywhere and anytime. Considering adaptability, personalisation and ubiquity, this research paper investigates learners' affective states such as confidence, effort, independence and confusion when learning. Trilateration and fingerprint techniques are both used to determine the learners' locations. The learners' preference is determined using Felder Silverman learning style dimensions based on learners' activities in online learning process. The ant colony clustering algorithm is used to determine learners' activities. The four affective states are determined from the learners' forum threads, content activities, assessment, timing, and discussion through learners' engagement. The result of the study suggests that performance of learners improves when learners" affective states are considered during learning.
